• External cues were used to eliminate artifacts in magnetoencephalogram (MEG) recordings.
Introduction
The external magnetic fields created by electric currents in the brain are extremely weak (∼100 fT) and prone to multiple artifacts. Although some of these artifacts can be considerably attenuated by performing the measurements in a magnetically shielded room (MSR) (Cohen, 1972; Kelha et al., 1982) , many artifacts result from equipment and activities inside the MSR. The most notorious sources of these artifacts are the main power line frequency, video cameras, mechanical vibrations, heartbeats, eye movements, and muscle activities (Hansen et al., 2010) . Some MEG devices use gradiometers that are less sensitive to interference from far away. Other MEG devices also incorporate a reference sensors situated at Abbreviations: CTPS, cross trial phase statistics; EEG, electroencephalogram; ERF, event-related field; ICA, independent component analysis; MEG, magnetoencephalogram; MSR, magnetically shielded room; P, QRS, T, the 3 major components of the electrocardiogram; PSD, power spectral density; SAM, synthetic aperture magnetometry; UPS, uninterruptible power supply.a larger distance from the head, which are used to subtract external artifacts. Despite these devices, recordings still contain numerous artifacts.
Many of these artifacts can be reduced through the spherical decomposition of the signal and ignoring the components originating outside the head (Taulu and Kajola, 2005; Taulu et al., 2004; Uusitalo and Ilmoniemi, 1997) . However, to our understanding, this analysis cannot be applied for higher frequencies where the signalto-noise ratio is poor. Similarly, synthetic aperture magnetometry (Robinson and Vrba, 1999 ) reduces but does not completely eliminate external artifacts.
The main power line and video artifacts are typically reduced using notch or comb filters. However, these notches cannot be extremely narrow because the main power line frequency is not absolutely constant. Narrow filtering introduces ringing in the time domain and might filter out MEG components at the notch.
Heartbeat artifacts are fairly large (Jousmäki and Hari, 1996) . These effects are typically removed using independent component analysis (ICA) (Escudero et al., 2011; Hyvärinen and Oja, 2000; Ishibashi, 2001; Jahn, 1999; Vigário et al., 1998 Vigário et al., , 2000 . However, although some methods have been proposed for automatic independent components rejection (Dammers et al., 2008; Dammers and Schiek, 2011) , the classification of the independent components into artifacts or brain activity typically relies on the decision of the user. Methods based on ICA or SSS reduce the rank of the data. However, the methods described here do not reduce the rank of the data and do not require user intervention.
Mechanical vibrations from the building might be transmitted to the MSR and can appear as artifacts in the MEG recordings. To prevent the occurrence of these artifacts, the MSR should be isolated from the building. de Cheveigné and Simon (2007) proposed methods to reduce vibration artifacts. Nevertheless, projecting the data reduces its rank, when projecting out an M-dimensional subspace from an N-dimensional channel measurement only N-M degrees of freedom are left.
Here, we present a method to overcome these side effects based on recording a trigger mark time-locked to each cycle of the main power line or video vertical sync. We corrected for heartbeat artifacts using the time of the electrocardiogram QRS wave, suggesting an alternative method to overcome outside vibrations through recording the gantry vibration using accelerometers.
In this study, we did not treat artifacts due to blinking, eye and head movements, muscle activities, or electronic devices, such as vagal stimulators or pacemakers. Some of these other sources of artifacts will be treated in future studies.
Method
The general methods through which data were recorded are described below. The specific methods for cleaning the various artifacts are described in detail in Section 3 and illustrated for some specific examples.
Setup

MEG recordings
Most of the examples in Section 3 are based on MEG recordings obtained using a Magnes 3600WH MEG (4D-Neuroimaging Company). The device is equipped with 248 magnetometers, 23 reference coils, 16-bit digital input, 16-bit digital output, and 96 external analog inputs, 64 of which are connected to an EEG amplifier. Recordings were obtained without a subject and with a subject relaxing or performing various tasks. The recordings with no subject are referred to as 'noise' recordings and all artifact removals, except for heartbeat, were developed and tested on these recordings. The recordings were filtered above 0.1 or 1 Hz, and below 800 or 400 Hz and sampled at the appropriate rate (2034.5 or 1017.25 samples per second, respectively). Sample recordings using an Elekta Neuro Mag and CTF MEG were also included.
When reference signals are available (4D and CTF systems), a weighted combination of reference values is subtracted, in analog form, from the MEG recordings before digitization and subsequently subtracted from other weights after digitization. For some recordings, neither weighted average of the reference signals was subtracted online. The company technician determined the optimal weights for the subtraction for noise removal. However, clear noise residuals were observed with all subtractions. The results described here were equally effective using any of the recording parameters described above, with or without on-line subtraction. Therefore, we do not differentiate between the various modes of recording or on-line subtraction.
External triggers were derived:
1. For the main power line, the voltage was reduced to ∼5 V AC using a transformer, and zero crossings were detected using a comparator. The voltage output was used to drive an optoisolator connected to one-bit external trigger input channel of the MEG. If there are enough free external analog channels, the (reduced) main power line voltage might be recorded in analog form and zero crossings will be detected offline. In our system, all the MEG electronics were supplied through an uninterruptible power supply (UPS), and other devices were connected directly to the main power lines. Therefore, we derived two main line triggers, one for the main power lines and the other to the voltage supplying the MEG equipment. The UPS output was locked on a cycle-to-cycle basis to the main power line, and therefore only one of the two main line triggers was used for artifact removal. 2. Our VGA video projector was situated outside the MSR, and the vertical sync was used to generate a 5-ms pulse, which was fed to another bit of the trigger input. 3. We used two video cameras inside the MSR; one camera was used for patient monitoring, and the other camera was used for eye position tracking. We obtained the vertical sync for both cameras, extended their durations to 5 ms and fed each sync to 2 additional bits of the external trigger input channel.
Line frequency recording
For each channel, the mean MEG around each of these triggers was computed and subtracted from the channel data cycle by cycle. Typically, the recorded MEG does not start or end at a zero crossing of the main power line. Therefore, the appropriate fraction of the mean artifact was subtracted at the edges of the recording. Complications arise from slow drifts in the main power line frequency, the beats between the MEG sampling rate and the frequency of the external signal (main power line or video). We describe the algorithm used for overcoming these problems in Section 3.
Heartbeat recording
Heartbeats were measured directly using the electrocardiogram or through a connection to one of the external analog outputs. However, obtaining these measurements is generally not necessary. Some or all of the channels contain large heartbeat artifacts. Averaging these channels provides a clean electrocardiogram. We used this method to define the cycle-by-cycle position of the QRS wave and to estimate its amplitude. Heartbeat cleaning for 2 additional MEG systems was also performed to assess the effectiveness of this method in different types of magnetic sensors. Elekta data with 306 MEG channels (204 planar gradiometers and 102 magnetometers) was obtained from MNE sample data. CTF data with 275 axial gradiometers was taken from recordings obtained at Donders Institute (Nijemegen, the Netherlands). For each channel the mean activity around the QRS time was computed and subtracted cycle by cycle from the recorded signal. The average was positioned so that the P, QRS and T components were all taken together around each QRS position. The effect of the exact period and QRS amplitude on the artifact was considered, as detailed in Section 3. Recording the first PC of the heartbeat might also be used as an alternative method for obtaining the average. However, the PC shows the shape and not the exact amplitude. Therefore, we assumed that average will be more direct method of finding the shape to be subtracted.
Vibrations recording
The vibrations were monitored using 3 highly sensitive accelerometers (Wilcoxon PR710B), which were glued to the MEG gantry in the X, Y, and Z-direction. The signal of the accelerometers was amplified 100-fold and fed to 3 external analog inputs of the MEG, and their contribution to the recorded signal of each sensor was estimated in the frequency domain. The Fourier transform for each channel was computed; the contribution of vibrations to this channel was subtracted from the Fourier transform and converted back to the time domain. Notably, the time and frequency domain descriptions map in a one-to-one manner. Therefore, cleaning in The average cycle of sensor A1 was over 15,000 cycles. The difference between samples 1 and 40 is 3 fT, whereas the recording resolution is ∼24 fT per bit. Fifty-hertz signals might be a mixture of different sources and thus generate the observed shape. (b) Mean power spectral densities (PSD). Blue -raw data. Green -after removing the main power line artifact. The green PSD overlaps the blue almost everywhere except at 50 Hz and its harmonics. Red -after removing the heartbeat artifacts. The highly serrated appearance at every ∼1 Hz from low frequencies up to ∼30 Hz disappeared. Note that the peak activity in the alpha range seems sharper after heartbeat artifact removal, and a considerable fraction of the power in the beta range is due to heartbeat artifacts. From 30 Hz on, the green and red spectra overlap. The residual sharp peaks at 24.25, and 38.25 are due to vibrations (see below). The mean PSD was computed with a resolution of 0.25 Hz, square rooted and averaged over all 248 channels. Note that the abscissa is plotted on a logarithmic scale so that an octave is spread over the same interval whether it is from 1 to 2 Hz or 200 to 400 Hz.
one domain is equivalent to cleaning in the other domain. More details are provided in Section 3.
Results
Removing the main line artifacts
The number of samples in the main cycle is N = FS/LF, where FS is the sampling rate and LF is the nominal line frequency. In our system, for example, with a 50-Hz nominal line frequency and 2034.5 samples per second, a full cycle of the main will span 40-41 samples (N). The simplest solution would be to compute the average of N + 1 samples after each zero crossing of the main power line, subtracting N samples for cycles spread over N + 1 samples. If the artifact is small relative to the on-going MEG, and the difference between the average at the Nth and the N + 1st samples is small, then this simple procedure will only introduce a small step at the end of each cycle, which might be much smaller than the single-bit resolution of the MEG recordings. However, if the noise is large and the sampling rate is low, interpolation and phase precession will be required. These effects are discussed below. Fig. 1 illustrates this idea. Approximately 50 Hz is derived from different sources, including fluorescent bulbs and motors, and typically contains multiple harmonics, which in our experience, is true for all electrophysiological recordings (MEG, EEG and microelectrodes recordings) and thus generates the observed shape (Fig. 1) .
The lower the sampling rate, the larger the artifact and the more severe the problem between the main power line frequency and the sampling rate introduced through beats. This problem can be overcome through averaging the mean cycle period markers over a large time span and interpolating the shape of the mean artifact to calculate the mean cycleperiod. A drift in the frequency of the main power line cycle complicates this procedure. We developed a simpler way to address this issue. We estimated the drift in the mean cycle period by convolving the sequence of the periods with a Gaussian bell-shaped bin with a standard deviation of 50 cycles, extending over ±3.5 standard deviations. Fig. 2 Fig. 2 . Drift of the line frequency period over 180 s. The number of samples in a period fluctuates mostly due to beats between the sampling rate and the exact period duration. Here, we smooth the periods (as measured in samples) over ∼2.5 s to obtain the period up to a fraction of a sample. Blue -represents the mains line frequency red -represents the video sync of the eye-position tracking camera. Even after smoothing some residual beats remain, leaving as light jitter between the periodic eye tracker camera and the sampling rate of the MEG (2034.5 for these data).
(For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.) (Abeles, 1982) . Here, the first reliable value is extended back to time 0.
The instantaneous frequency is smoothed, and the position of the start of each cycle is calculated using this smoothed graph. That is, we recomputed the zero-crossing position for the interpolated period. These positions will not yield an integer sample number. However, if an increase in time resolution of N-fold is desired, the cycle position is multiplied by N and rounded. For example, for a 2034.5 sampling rate and 10-fold increase in resolution, the cycle will fluctuate between 406 and 407. Subsequently, the MEG is bandlimited and interpolated N-fold. The band-limited interpolation can be obtained using interp in MATLAB or the Fourier transform of the signal, adding N − 1 stretches of zeros at the highest frequency and Fourier transforming back. Subsequently, the average line cycle is computed for this interpolated signal, the average signal is subtracted, and the cleaned signal is decimated N-fold to yield the original sampling rate. In the above example, this procedure is effectively equivalent to considering the phase drift between the artifact and the MEG sampling up to ∼1 • .
By examining the power spectra of recordings with no subject, we observed that using this procedure we could remove the spectral lines at 50 Hz and the harmonics to within the spectral noise, without creating a nearby notches. In real MEG recordings, we did not observe any distortion of the wave-shapes except for that attributed to removal of the line frequency artifacts.
However, when there is more than one source of artifacts complications might arise if the sources are not absolutely at the same frequency. For example, if one artifact is exactly at 50 Hz and the other at 49.985, then over 180 s, the first artifact will include 9000 cycles, while the other artifact will include only 8997.3 cycles. When averaging the MEG over one frequency, we also include drifting cycles of the other frequency. The mean will be a mixture of both frequencies, but neither frequency would be eliminated after subtracting this mean, as illustrated in Figs. 2 and 3 for artifacts generated using an eye tracker camera and the main line.
The eye tracker camera is controlled through an internal clock that generates a stable period. The small fluctuations observed in Fig. 2 are due to beats between its internal frequency and the sampling rate. Fig. 3 illustrates the mean artifacts for channel A122 when , the mean artifact around the main power line marker was computed and subtracted cycle by cycle from each MEG channel. Alternatively (c) the mean artifact around the video sync only was subtracted. The dashed lines show the residual mean waves after values were cleaned. Although the video sync had less than 3 more cycles over 3 min, the means were subtracted from around both values to remove most of the artifact. However, subtracting one of the artifacts modifies the shape of the other. Therefore, sequential cleaning was performed. The data were recorded at 2034.5 samples per second. The averages were computed over 180 s of activity. All data were obtained from channel A122, where both artifacts were of comparable amplitudes.
averaged around the main power line marker and the video sync of the eye tracker, which look different. Cleaning by subtracting one mean changes the other mean but not dramatically. Cleaning by subtracting one mean and then the other (dashed lines in Fig. 3) , leaves a small residual, which depends on the order of the cleaning. This residual is small enough to not disturb the MEG wave shapes. The longer the total recording duration, the larger the difference between the number of cycles of each artifact source and the less the order of the cleaning matter. If the main power line artifact is stable enough, using the average over the entire recording will yield similar results. When the size of the main power line cycle (or video cycle) artifact is expected to be constant throughout the recordings, the global average over all the data might be used. When the artifact gradually changes (as occurs for the EEG when the impedance of an EEG electrode changes) the average should be adapted gradually, starting with the average over n cycles, and computing as follows for every new cycle:
where A is the average, N is the cycle number, X is the recorded data for one cycle, and q = 1 − 1/n. In our case, n = 1000 worked well.
Heartbeat artifacts 3.2.1. Algorithm
Heartbeats produce large artifacts when using magnetometers. When all the channels are averaged, a signal strongly resembling an electrocardiogram is obtained (Fig. 4.) If averaging is not feasible, the electrocardiogram can be measured directly and recorded through one of the external analog input channels.
We used the following algorithm to mark the positions of the QRS wave. All 248 channels were averaged and filtered at 4-50 Hz to obtain the 'electrocardiogram'. Peaks exceeding 2.5 standard deviations were marked. The average waveform around these peaks (from 0.28 s before the peak up to 0.72 s after it) was computed. Then, to increase the SNR for the peak detection the filtered electrocardiogram was convolved with the average QRS wave shape, and the peaks of the resulting signal were detected and marked as the position of the heartbeat. This process was performed iteratively to recalculate the average after marking the peaks, although after the first iteration the change was minimal. The amplitudes at the peaks were also recorded. Fig. 4 illustrates the results. In case the algorithm is unable to detect the heartbeat times, ECG recordings can be used to detect the exact time of each heartbeat.
In some subjects, the heartbeat signal is weak and some QRS complexes might be missed or falsely detected using this algorithm. To control for this eventuality, we compared each heartbeat period with the mean. Because we wanted to cover normal changes in heart rate during the experiment, we allowed period variation over some range. Only variations that exceeded some limits were marked as incorrect and excluded from computing the mean. This range will depend on the age and health of the subjects. In this study, variations within 50-170% were accepted. The number of false detections could be improved after considering the close to periodic nature of the heartbeats. A standard lower than 2.5 might be accepted as an additional QRS detection point when a long period is encountered. Similarly, if deleting a detection at the end of a short period yields a regular period, the detection can be considered as a false-positive detection. None of these corrections were used in the data of Fig. 4 .
In cases where the subject is close to the gantry, each heartbeat might induce a small vibration of the MEG and thus introduce another artifact that is time locked to the onset of the heartbeats. Such artifacts can be detected using accelerometers and removed from the data using the vibrations cleaning.
The amplitudes of the QRS waves were divided into 5 equally probable groups, and the mean heartbeat artifact was computed separately for each group. Division into more groups will improve the fit to each specific heartbeat, but will also introduce more noise into the data. When the heartbeats are regular, there is no need for division. However, the beats in some subjects are not regular, and dividing into 5 groups works better than using one global average. We also observed that the heartbeat artifacts might have irregular The same data after filtering and convolving with the mean QRS wave shape. Convolution is equivalent to optimal linear separation between the QRS shape and additive white noise. We observed that the QRS complexes peak higher above the hash in-between beats. The ticks at the top mark the time points of the peak of the QRS wave. Note that this convolution method was used to improve the detection of the time of the QRS complex. Subsequent cleaning is based on the mean heartbeat of each channel without convolution.
amplitudes even if the electro-cardiogram is uniform, possibly due to change of the heart orientation in space due to breathing. The mean heartbeat was computed from 0.28 s before the QRS mark to 0.72 s after it, such that the P and T waves before and after the QRS wave were included in the average. The total duration of the average (1 s) was slightly longer than the mean heartbeat period. Each mean heartbeat artifact was computed from a few tens of heartbeats, and thus also contained some residual noise. To reduce the problem of adding these residuals to the data when subtracting the artifact, the averaged signal was low-pass filtered below 60 Hz. Fig. 5 illustrates an average heartbeat artifact for channel A237.
The average was computed for each channel separately and subtracted from the recording cycle by cycle. If a given cycle lasted N samples, only the first N samples of the average were used. We assumed that prior to the P wave and after the T wave, the heart does not introduce any artifacts; therefore, the average was multiplied by a window of 1 during the central 80% but tapered to 0 at the initial and final 10% (using half a cycle of cosine wave). Thus, we reduced the danger of a step between the end of one period and the beginning of the next period.
Comparison to ICA
For 10 subjects, we cleaned the heartbeat artifacts using the above algorithm and the ICA using the Infomax algorithm (Delorme Averages are recorded from channel A237, in which the artifact was particularly large. A total of 36-39 cycles were included in each average. To reduce the residual high frequency noise, the mean heartbeats were low-pass filtered below 60 Hz. These filtered means were then subtracted cycle by cycle from the MEG recordings. Prior to subtraction, the mean was multiplied by a tapering window to ensure that this value starts and ends at 0. The means shown here were calculated without tapering.
and Makeig, 2004; Oostenveld et al., 2011) . The cleaned mean MEG for each channel around the QRS markers was computed. The top row in Fig. 6 compares the results of 2 representative subjects in recordings using the 4-D Neuroimaging MEG system. The bottom row shows the same comparison for recordings obtained using Elekta (left) and CTF (right) MEG systems. Cleaning heartbeat artifacts using ICA usually requires the intervention to select the correct components to reject and thus takes a long time to analyze and might be biased by the person choosing the component. The cleaning algorithm presented here, is automatic and does not suffer from these drawbacks. To avoid bias when comparing our cleaning method with ICA, we used cross trial phase statistics (CTPS) (Dammers and Schiek, 2011) for the automatic identification of independent components related to the heartbeat artifact, and we compared the rejection performance of each method according to Dammers et al. (2008) . In all subjects, the CTPS method detected 2-4 components related to the heartbeat artifact and removed these artifacts from the data. The current algorithm performed better across all subjects and MEG systems, and showed more stable results. The average rejection performance for the current algorithm was 96%, while the ICA reached an average rejection performance of 85%. Both methods generally showed a sharp residual wave around the QRS complex, which was smaller after cleaning using the current cleaning method. The T wave was completely removed using our algorithm, whereas the ICA contained residuals of the original electrocardiogram signal in almost all subjects.
Vibrations
The MSR poorly isolates constant magnetic fields, and its walls might become magnetic with time. Thus, a residual magnetic field is consistently observed within the MSR. Vibration of the sensors within this field will induce currents in the sensors. The sharp spectral peaks at 24, 38, . . . Hz and the broader lower amplitudes observed in the spectra of Fig. 1 are due to these vibrations.
The spectra of the accelerations in the X, Y, and Z-directions of the gantry are illustrated in Fig. 7 . There are multiple modes of oscillations and the different directions have distinct modes of vibrations. One cannot expect the acceleration artifacts to be a simple copy (multiplied by some coefficient) of these measured accelerations, nor can we expect that the reference channels will reflect the artifact via simple multiplicative factors. The sensors themselves might vibrate differently than the gantry, and the subject's bed and head might vibrate differently. Because the vibrations Dammers et al. (2008) . Top row: 4D neuroimaging system using 248 magnetometers. The subject that had the largest difference between the rejection performances of each method (Rp ICA = 80.9%, Rpcurrent method = 99.7%) (left). The subject that had the smallest difference between the rejection performance of each method (Rp ICA = 90.8%, Rpcurrent method = 98.4%) (right). Bottom row: Elekta system with 204 planar gradiometers and 102 magnetometers (Rp ICA = 87.9%, Rpcurrent method = 99.8%) (left). CTF system with 275 axial gradiometers (Rp ICA = 74.2%, Rpcurrent method = 96.1%) (right). Blue -original signal. Red -after cleaning with our algorithm. Green -after cleaning with ICA.
are small, we expect that all these modes will be associated with some linear transformation. The model will be
where m(t) is the magnetic artifact, h(t) is the kernel of the transformation, a(t) is the acceleration of the vibration, and * symbolizes convolution. The difficulty is that we do not know the h(t). However, in the frequency domain, the relations are simpler:
H(f) might be estimated using least square techniques as described below.
Thus, the accelerations can be used to greatly reduce the vibration artifacts, as observed in the frequency domain as follows.
We compute the Fourier transform of the accelerometers recording and of every MEG channel. We use long stretches of data to obtain dense Fourier components. For example for 200 s of data we obtain a component every 0.005 cycles. If the recorded MEG resulted from vibration artifacts, then it would be possible to fully describe the MEG as a linear combination of the accelerometers readings. This is not the case, but we might attempt to reduce the recordings variation by subtracting linear combinations of the accelerations. The possibility that position, velocity, and acceleration contribute artifacts and that different physical components might respond differently to the vibrations of the building provides further complications. These complications might be solved using the frequency domain. Thus, we attempt to describe the Fourier transform of the MEG signal as a linear combination of the Fourier transforms of the accelerometers. Let M(f) be the Fourier transform of a MEG signal at frequency f, A 1 (f), A 2 (f), and A 3 (f) be the Fourier transform of the accelerations in the X, Y, and Z-directions. Then, we will calculate three coefficients x 1 , x 2 , x 3 so that
The exact solution is not possible, but we calculated a leastsquares solution (Björck, 1996) . For each cycle (for example, from 1 Hz up to 2 Hz) there are many values of f (200 values in the example above). Thus, for each 1 Hz range there are 200 equations in 3 variables (x 1 , x 2 , x 3 ). A solution can be easily obtained using matrices.
Let M be a column vector with all the values of the Fourier transform of one channel over a 1 Hz band width (e.g., between 1 and 2 Hz), X be the column vector of the unknown coefficients <x 1 , x 2 , x 3 >, and A the matrix with A 1 , A 2¸ and A 3 as its columns. Then, the equations can be written as 
We first clean the MEG Fourier transform for every 1-Hz band (0-1, 1-2, . . ., 139-140 Hz), and we then clean every 20-Hz bands thereafter. The cleaned bands are then stitched together to obtain the fully transformed MEG signal, which is transformed back to the time domain. Fig. 8 illustrates the results of cleaning for noise recordings and with a subject. The values of X at each frequency represent the approximation of the transfer function H(f), at every frequency (1, 2, . . .). One might use different frequency bands to achieve better cleaning.
The power spectra of Fig. 8 suggest that these cleaning procedures do not distort the spectra. To detect any noticeable distortions in the time domain, we superimposed the cleaned MEG signal over the original signal. No distortions were observed except for the removal of artifacts. Fig. 9 illustrates an arbitrarily selected segment of data before and after cleaning.
Discussion
All the cleaning procedures described here are based on external cues (main power line cycle, video cycle, electrocardiogram, and accelerations) and therefore entail the minimal risk of distorting For 300 s of data of a subject relaxing with closed eyes. After cleaning (red trace), there were residual small peaks at 47.75, 52.25, 74.25 and 110 Hz. These peaks were present in the data before cleaning, and disappeared from the noise recordings that followed the data recording with a span of a few minutes. The source of these small peaks is unknown. the brain magnetic signals. Indeed, both the spectra and the time domain wave shapes were preserved after cleaning, except for those attributed to the artifacts. These methods do not affect the rank of the data and therefore allow for more reliable source reconstructions. The computation time for the entire cleaning is approximately 70% of the recording time, with a sampling rate of 1017.25 Hz.
However, these methods have several shortcomings. The algorithms described here are based on long continuous recordings, suggesting that de-noising should be performed before epoching. If the recording is 'epoched,' several complications might arise.
The computed average cycle-locked signal will also unavoidably contain elements that are not part of the artifact. When averaging over N cycles, there will be √ N residuals that are not part of the artifact. When subtracting the average cycle by cycle, this residual noise is added to the data. For main and video cycles, N is large (5000 for 100 s of recordings), and the residuals will be much smaller than the MEG data (∼70-fold smaller for 100 s of data). The average heart beats are based on a much smaller number of cycles. Therefore, the residual noise might not be negligible. It is advisable to use as long a continuous recording as practical for calculating average heartbeat artifacts. In a typical 20-min MEG recording, there will be ∼1500 heartbeats, and even when divided into 5 groups by size, the residual noise will be √ 300 smaller than the MEG. For that reason, it is not advisable to use a much more detailed dictionary of various heartbeat shapes, as each category will be composed of an average of only a few samples and thus contain considerable noise that would be added to the signal when subtracting the average.
However, the MEG data might contain segments with high noise (e.g., movement artifacts), or huge sharp steps (e.g., due to analog to digital converter overflow). In these cases, the periods should be marked and excluded when computing the cycle-averaged data.
Vibration artifacts are expected to be linearly related to the velocity of the vibrations. However, we measured the accelerations. The spectrum of velocity must look like the spectrum of acceleration divided by f. As the acceleration artifact is cleaned in 1-Hz bands, the recovered coefficients (X above) will accommodate for Blue -after cleaning the main lines, eye trackers, and heartbeat artifacts, but before cleaning acceleration. Red -after also cleaning accelerations. Green -the difference shifted down by 0.6 pT. Both slow and sharp waves were observed after cleaning. The difference shows the undulating 24 Hz.
this difference, which explains why cleaning through acceleration was successful. However, this method will not work well for low frequencies.
The algorithms described here assume that the artifacts are stationary. However, in reality this might not be the case. The main power line artifacts might change abruptly when some devices consuming large currents are turned on or off. Vibrations might change abruptly when large motors (e.g., air conditioner water pumps) are turned on and off. If such changes are not frequent, the change points might be detected, the recordings divided into segments with stationary noise, and each such segment individually cleaned.
Despite these limitations, the algorithms described here are safe and effective in both the frequency and time domains.
